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Abstract

With the continuous increase in the proportion of new energy such as wind power, the climate de-
pendence of the power system is becoming increasingly prominent. Based on this, the article
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proposes a distributed photovoltaic power generation prediction method based on multi time scale
data. The method builds a multi-channel convolutional neural network and uses multi-channel CNN
to extract deep features hidden in influencing factor data from multiple time scales. Utilizing BiLSTM
neural networks, the method also overcomes the long-term dependency issue in sequential data.
Finally, the article compares the CNN BiLSTM prediction model with the CNN BiLSTM prediction model
based on multi time scale data through simulation experiments and verifies that the new model has
higher prediction accuracy.

Keywords
Multi Time Scale, Distributed Photovoltaics, CNN BiLSTM Prediction

Copyright © 2024 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0

1. 518

Bt BEIR AR BURED RO RO IR AR, oA 2O IR HL IR JON 4 BRAE IR 22 40 ) S 224G o) -
JeRA L BATER . RGP, BRI 52 2R R R, B WY (K3 sl M A 8] B R
B ' AR T 3R T AR PR R PA0T T3R TG AR HL IR R AN E T A5 S EL K

JEARTR L B R TIEIN H H AT BA o NS . — SRR S T B R A6 AR e i AR e A r T i
o R IE TR i R HHE A A 1 A R T 5 92 [ 1] o %ok 2 T A AR AR £ 06 AR e P e 301 A FL TN v
S SR [21E I e YRR BT B LIS . RS FRIRAT MIR S A, SR AR - AR 2k 38
DR R EOE N, RERALRBE I TR . S5 SCR[BTEE ) 1R REG IR At L - HE
TURFIE I ZE MIECA RO, itk 7 ORPHBE DGR B TAEMI AR 2 b . B S HORE FEAR A 1) . {75 FLAIE W]
TARESRAE TR A HERA T . 225 SCIR[A] 9 HE T — i T B H 4 22 ek il 1-V Rtk
EERLTTE, I LS E KSR 6 A 1V Rk 2T RUE A e ho i B H B RS e, AR
Wi - FRAFIESC R RIS BEASRY 1) R S0 ) 3 T 5 2 2 e R A AR R O AL -
HL AR i R IR AR e A R D)2 . AR, IR 5 VEAERR SR N I TN AR BT o AR AN 8 RS0 B
AN IR 5 58 S8 ' AR V46 I AE PR B DR 2R (A 2 T 2 RO R 28 45 R o X 2 T IR o R O 3 1 o5
W Tris, EEIHTRGEAE . KPR R AR A (10 5 s T RS e . e AR g S e
gk, BB IR SRR FER R R, N5 AR A I3 [5]. 2% 3CHR[61R 45 & 8E
KA AONLES 27 ST 7570 e R EREE R RGBT R BN THZ P2 (ANN)BERL, X
PR ) R L Z SR BEAT LA AT . 225 SCIR[713R 1 — FIR & R D A AR A o R FH et (1 iy
AR IR IR AT RAAE SR, il ik 7 B TC AR AN 8 S A SR S 1), B S5 RAR W], AR AT LA
AR L IR AT AR A TR FEM TN 23 . 225 SCHR[8]2R A 32 e 2y 73 AR 22 Je B8t /7 91 K 248 E
A LSTM AJ LASE S b S RN 3 it (R Zh & RebE, S — Pk T LSTM 2 ) 3 1 AR v D < 0 s
. 225 3CHR[9] B R st R tH Zh R 32 2R Z M BAT AR IR RS iR L, I3 St (PR
FEAR & M ESDOGAR RN DD R PR . 2525 SCIR[10138 t 1 — Ao i ek Sidk, DASRAS e (AR PR 2 2]
MSH BOER SRR TR, DR TS R o bR SOk 3 B Sroe R i Th =6
5 NAZ &2 AIERC ORIV I« S5 SCRR[LL1 456 17 B4 FAU RN e T o @ s st 0 H AR ABL <

DOI: 10.12677/mo0s.2024.136594 6504 RS R


https://doi.org/10.12677/mos.2024.136594
http://creativecommons.org/licenses/by/4.0/

FRiE 5

RAME BT SRR I REAT G400, RIS R PSR I AN AR oA AR it B A e 22
W2, A PAFHER DGR K IR TIME . 275 SCHR[12] 2 T XGBoost £ 57. | XGBoost-LSTM ZH &4
B S5A B SEiEIT XGBoost BB FHAT I TN, FHE4 TR A A8 B N\ SR I NAFAE . S8 )58
i B R R ZETTIER XGBoost # 8L 5 LSTM #EAIZE Aok, DASRmy TS BE o 275 SCBR[13]4T 0 AR 7 sk
BRI, ST BT 4T A E 7 SRR (1) Kohonen R RSB . R 4T 4
HAFARIRAMR RIS, FHH R T LR K BENE R . S5 CR[1410F 5L T 15 R 7 e H R 464
(9 K BH BE AR Fa Sl R D 2R T [ R . R T — P 3 T S B T A 2 RS ROK BRAR S v, R IE T
RSP IR ZE o TEAFIHE X AR R A 3R 1G T RAF IO TR . S5 SCRR[15]3R T —FhE T4 B iR
HPh 22 W 2% B AR R FL D ZR TR AR o A2 ABE AR A SO K-35 R0 I S0 R r BB k4740 2K, FF9IN T
Harmony 2 (HS)FIEN AT AL . X SEBR G AR K L R G SEIGUE B, %072 R AF I T o
S CHR[16]HE H T — Bl A8 o a0 AW 3 7 AL LSTM BB B AR TR W0 7 vk 1 2k
FAR T Z T HNBEAT 0, AR5 1 FH X & 1AL LSTM X o @ (LA 347 0 o 51N R R S pL mT
DA EFEBOCHERT (A5 S AL, 5 U M ORI A5 3 72 51 T A e 12k

2. JARAZ EE M ThER BN B AR S A
21 B mER

ZHRRGE M ORI RERREORE TAREIER . B 5 S 2R A A 52 1k
i, WAHE TR AR NE RN T, WA 1R, ARRR AR .
KA BENESERERRENEOR, MEHEAMPBIR, Oa R i DR MmNy w2 . R
FR I A B B 2R S A R S T S A S R A T T L S R M PR 2R P A [ E
DR Ty H X D6 AR A F i S D 256 1) S M AF BTNV /0N o b iy T 0 L A8 9%t 2 5 MADIG AR R HL T 2% 1) B 2 [R)
=, HAHrE AR R RS R K, W5 W g AR AR AR B N A S M R

FHE
e, %wm%
%ﬁﬁ ity

T % !

AWMyt —  msbli — bREEBRCKBIES — MR LR —— R

[NIET Y N ,
// t:;7r——k;m%ﬁ=m‘%m,
it

Figure 1. Diagram of influencing factors on photovoltaic power generation
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Figure 2. Pearson correlation analysis heatmap
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Figure 3. CNN-BiLSTM model structure for multi-timescale data
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Figure 4. Output power comparison of CNN-BiLSTM model based on multi-timescale data
B 4. ET2rERE KRN CNN-BILSTM #E A6 H I3t

Table 2. Evaluation metrics of CNN-BIiLSTM model based on multi-timescale data
%= 2. BT SRR EHIEL CNN-BILSTM REHT(EIEFR

it RMSE MAE MSE MAPE
CNN-BIiLSTM 1.033 1.028 0.71 3.475
Z 5 8] R ¥ CNN-BILSTM 1.001 1.014 0.52 2.706

4. BE

BEXF AR R GE U Bl 1 TR R A2 2% 1 S R A, AR SR R T 2 B ] RUBE 8 1) CNIN-BILSTM
T 10190 A 2R R L TRNARE AR, S L A DT — S Bl 6 AR LG 1 B sk e R Th SR TR A 4R S R
W KA R R0 LA i, fHH AR Sk

1) AR H A3 T 2 i 1A) RO 3 i) CNIN-BILSTM R 3145 A sQFE Y R rEL TR R 0L & R 47, 24
gy 1 Th R 2 S I I WA R 2B, A BT CNN-BILSTM A2, JE-F 22 1 8] R $4fE i) CNN-BILSTM
RS D ZE P ZN LN, 5 SLBr D) 2t 2T A&

2) FrHR 3T 22 i ] ROBE BE () CNIN-BILSTM %8 34943 A =X LB A FE FSUI R 7Y L A o i 6 o) 44
. FHELT CNN-BILSTM #A!, J:T 2 ] )RBEHE 1) CNN-BILSTM #5284 ) RMSE fE 1K 1~ 3.10%-
MAE {518/ 7 1.36%. MSE #8/b T 26.76%. MAPE {EIg/D 1 22.13%, XFT AR A& dfi i o0 =R (1 F A%
HEFEAS 24Tt .

&5k

[1] . JefRk i RS TR Wik wt FE[D]: [ 22001 3] M A A K, 2016.

[2] Saetre, T.O., Midtgard, O. and Yordanov, G.H. (2011) A New Analytical Solar Cell I-V Curve Model. Renewable Energy,
36, 2171-2176. https://doi.org/10.1016/j.renene.2011.01.012

[31 L&Ak, Fi, MHER, & T 1V im0k e e 07 FOBR TR 75 [0]. B2 T4k, 2014, 4(7): 28-34.

DOI: 10.12677/mo0s.2024.136594 6510 5 1 A


https://doi.org/10.12677/mos.2024.136594
https://doi.org/10.1016/j.renene.2011.01.012

FRiE 5

(4]
[5]
(6]
[7]

(8]
(9]
[10]

[11]
[12]

[13]
[14]

[15]

[16]

BRiEE AR, BT R B H A 2 AR Bt 1V R R R[], R T AR, 2015, 23(21): 145-
147.
R, R K R RE IR B IR T 7 [D]: [l 2A01e 3], K R, 2016.

Lopez Gomez, J., Ogando Martinez, A., Troncoso Pastoriza, F., Febrero Garrido, L., Granada Alvarez, E. and Orosa
Garcia, J.A. (2020) Photovoltaic Power Prediction Using Avrtificial Neural Networks and Numerical Weather Data. Sus-
tainability, 12, Article 10295. https://doi.org/10.3390/su122410295

Tao, C., Lu, J., Lang, J., Peng, X., Cheng, K. and Duan, S. (2021) Short-Term Forecasting of Photovoltaic Power Gen-
eration Based on Feature Selection and Bias Compensation-LSTM Network. Energies, 14, Article 3086.
https://doi.org/10.3390/en14113086

KRG, K. T LSTM W28 R 6K R i Zh 3R A AT vk w72 [3]. v FFAE RB IR, 2021, 39(5): 594-602.
R, MR BTHLIEA GA-DBN #Z M 4 roa R R B IATHR TN, <R, 2019, 38(3): 97-102.
BeER, XURH, 23R8, S5 T ok I BRI PR S S MUY ) e AR A L R Gt ShER TUNARF 72 [J]. T AR
fEYE, 2020, 38(10): 1318-1325.

EF, TR ETREME RS H A SR BRI T[], 7R S |31k, 2012, 36(19): 37-41.

R, MR, MEE, % 5T XGBoost-LSTM &5 (6K & R TR TRMII]. KEHAE2ER, 2022, 43(8):
75-81.

ZeMTE, MR BT E IR IEAMESR 5% Kohonen KAERISHGAR AL B T[], ) H b4,
2019, 39(1): 60-65.

BN, BRIER, PV, FEOLRR 4 AE N AN S B b X 48 6 AR & r Th R %6 L 43 AT [3). K BH RE 243, 2018,
39(6): 1610-1618.

Huang, C., Chen, S., Yang, S. and Kuo, C. (2015) One-Day-Ahead Hourly Forecasting for Photovoltaic Power Genera-
tion Using an Intelligent Method with Weather-Based Forecasting Models. IET Generation, Transmission & Distribution,
9, 1874-1882. https://doi.org/10.1049/iet-gtd.2015.0175

Mrew s, kb, X4k, & ZET VMD RO R IHLE] LSTM R B GARDIZ TN, B #4585 31k, 2021,
45(3): 174-182.

DOI: 10.12677/m0s.2024.136594 6511

e
dr
:_[
m


https://doi.org/10.12677/mos.2024.136594
https://doi.org/10.3390/su122410295
https://doi.org/10.3390/en14113086
https://doi.org/10.1049/iet-gtd.2015.0175

	基于多时间尺度数据的分布式光伏发电预测模型
	摘  要
	关键词
	Distributed Photovoltaic Power Generation Prediction Model Based on Multi Time Scale Data
	Abstract
	Keywords
	1. 引言
	2. 光伏发电输出功率影响因素特性分析
	2.1. 发电输出功率影响因素
	2.2. 发电输出功率影响因素相关性分析
	2.2.1. 皮尔逊相关系数
	2.2.2. 灰色关联分析法


	3. 基于多时间尺度数据的分布式电源发电预测模型
	3.1. 模型构建
	3.2. 模型对比分析

	4. 总结
	参考文献

